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Abstract

Automatic Cued Speech Recognition (ACSR) is a vital com-
munication system designed to enhance spoken language ac-
cessibility for the hearing-impaired by combining lip move-
ments and hand gestures to encode phonemes. Despite its
effectiveness, current ACSR methods face significant chal-
lenges, including poor generalization to unseen cuers1 due to
the limited scale of CS datasets, which restricts the ability
of existing visual encoder to capture cuer-invariant CS vi-
sual features. Additionally, previous approaches relying on
Connectionist Temporal Classification (CTC) decoding fail
to incorporate prior linguistic sequence knowledge, further
limiting their performance. To address these issues, we pro-
pose a novel Two Auxiliary Modalities guided Cross-cuer
Invariant Adaptation method (TACIA), introducing pose and
text modalities to help extract cuer-invariant motion and se-
mantic features, thereby improving generalization. In addi-
tion, we introduce a Visual-guided Cued Token Prediction
(VG-NTP) method, inspired by large language models. This
method replaces CTC decoding by incorporating language
modeling, leveraging rich linguistic knowledge, including se-
mantics, to address the suboptimal issues present in the CTC
decoding process. Extensive experiments demonstrate the su-
periority of our approach to the state-of-the-art (SOTA) on
Chinese and British CS datasets, significantly advancing the
accuracy and quality of ACSR systems.

Introduction
Cued Speech (CS) is an efficient communication system
designed to enhance the linguistic accessibility of spoken
language for the hearing-impaired. Unlike traditional lip-
reading, which often suffers from insufficient information,
CS employs a combination of lip movements and sev-
eral hand gestures to encode spoken language, significantly
improving communication efficacy. To date, CS has been
adapted into over 60 languages, including English, French,
and Mandarin, highlighting its growing importance as an ef-
fective communication tool for the deaf and hard of hearing.

As shown in Fig. 1, Liu et al. (Liu and Feng 2019) pi-
oneered the first Mandarin CS system, utilizing five hand
positions (mouth, chin, throat, side, and cheek) to encode
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1People who perform CS are called cuer.

Figure 1: The Mandarin Chinese CS system (from (Liu and
Feng 2019)).

all Chinese vowel groups and eight hand shapes to repre-
sent Chinese consonants. It is noted that Sign Language (SL)
is another widely used communication method, as noted in
various studies (Stokoe 2005; Liddell and Johnson 1989;
Timothy 2003; Zhou et al. 2023; Li et al. 2025; Chen et al.
2024). However, it is crucial to clarify that CS is not a vi-
sual language like SL; rather, it functions as a coding system
for spoken language (Cornett 1967). Furthermore, research
has shown that CS can be acquired significantly faster than
SL (Reynolds 2007). Additionally, compared to text-based
communication, CS is more accessible and easier to adopt
for hearing-impaired individuals who may be illiterate (Cox
et al. 2002; Power, Power, and Rehling 2007).

In the literature, early research on automatic CS recogni-
tion (ACSR) mainly focused on the multimodal feature fu-
sion of hand and lip movements. For example, Heracleous
et al. (Heracleous, Beautemps, and Hagita 2012) directly
fused lip shape and hand position features and employed a
Hidden Markov Model (HMM) (Rabiner and Juang 1986)
to predict phonemes. Sankar et al. (Sankar, Beautemps, and
Hueber 2022) proposed a multi-stream Convolutional Neu-
ral Network (CNN) to extract and fuse features from hand
and lip modalities, using an HMM-GMM phoneme decoder
to predict phonemes. To address the insufficient capture of
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(a) Visual (b) Pose (c) Text

Figure 2: Similarity matrix between different cuers for the same sentence across different modalities (visual, pose, and text).
A comparison of (a) to (c) reveals that for the same sentence, the visual features in (a) vary significantly across different cuers
(i.e., cuer-dependent). These differences stem from visual elements such as shape. However, CS pose and semantic text features
in our method effectively eliminate this variability (i.e., not cuer-independent).

global dependencies in multimodal data and the computa-
tional inefficiency of existing methods, Liu et.al (Liu, Liu,
and Li 2024) first model all tokens for each modality to
capture modality-specific fine-grained temporal dependen-
cies while learning coarse-grained temporal dependencies
shared across modalities. Efficient cross-modal interaction
is achieved by selecting important tokens.

Despite these advancements, current methods face two
main limitations. Firstly, due to the limited scale of CS
datasets, existing ACSR methods struggle to generalize to
unseen cuers. Different cuers exhibit different cue habits,
and there are significant visual feature variations between
different cuers, such as shape differences across cues (as
shown in Fig. 2a), which further restrict the ability of the
visual encoder to extract cuer-invariant features. Secondly,
the commonly used Connectionist Temporal Classification
(CTC) decoding in ACSR (Liu and Liu 2023; Liu, Liu, and
Li 2024) often leads to suboptimal results. Researches (Ko-
matsu et al. 2022; Higuchi et al. 2022) found that CTC
lacks explicit language modeling capabilities and does not
directly leverage rich linguistic knowledge, including se-
mantics. Previous ACSR work mostly focused on CTC de-
coding and did not incorporate language modeling in ACSR
decoding stage.

To address the above two challenges, we propose a novel
Two Auxiliary Modalities guided Cross-cuer Invariant
Adaptation method (TACIA). The key assumption behind
this is that for the same word or sentence, when prompted
by different individuals, the standardized CS motions should
exhibit consistent pose characteristics. By leveraging pose
and text auxiliary modalities, this method enables the visual
encoder to effectively extract cuer-invariant features while
reducing excessive reliance on the cuer’s cueing habits.
When processing the pose data, we further account for inac-
curacies or motion distortions caused by rapid hand move-
ments and the resulting motion blur or ghosting artifacts,
which often lead to missing or inaccurate pose estimates
in the video. This approach helps mitigate hand distortion

problems. Furthermore, inspired by large language models
(LLMs), we replace the CTC decoding mechanism with a
Visual-Guided Next cued Token Prediction (VG-NTP) pro-
cess. This innovative decoding strategy leverages next token
prediction to better align video sequences with textual out-
put, overcoming the limitations of CTC and improving the
overall performance of the ACSR system.

In summary, the main contributions of this work are as
follows:

• To tackle the generalization issue of unseen cuers in
ACSR, we design a multimodal cuer-invariant adapta-
tion method, which introduces pose and text as auxiliary
modalities to help the visual encoder effectively extract
visual features that are independent of the different cuers.

• We introduce a novel decoding strategy, VG-NTP, to re-
place the traditional CTC decoding mechanism. Based
on LLMs, the VG-NTP predicts the next token to bet-
ter align video sequences with textual outputs, improving
the overall performance of the ACSR. To the best of our
knowledge, this is the first work that introduces the LM
knowledge to ACSR decoding.

• Extensive experiments validate the superiority of our
method to previous state-of-the-art (SOTA) in both ac-
curacy and sentence generation quality. Specifically, in
the Chinese CS dataset, our approach achieves a remark-
able 16.6% reduction in Word Error Rate (WER) and a
4.2 improvement in BLEU score.

Related Works
Automatic Cued Speech Recognition
Existing research of ACSR primarily focuses on multimodal
fusion, especially extracting and connecting multimodal fea-
tures. For instance, studies (Heracleous, Beautemps, and
Hagita 2012; Wang et al. 2021a) marked regions of in-
terest (ROI) on the lips and hands to extract visual fea-
tures, which were then directly fused for cross-modal align-
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Figure 3: Framework of our proposed method (TACIA). It incorporates a two-path pose generation strategy, utilizing encoders
for both hand and whole-body poses to generate accurate and invariant pose representations. The pose encoder extracts pose
features, which undergo a pose-auxiliary cue-invariant adaptation process to ensure that the same gestures across different cuers
are aligned. The visual encoder processes image frames to capture the visual features, which are then linked to the text tokens
through a VG-NTP.

ment. In (Gao, Huang, and Liu 2023), a multimodal align-
ment resynchronization process was proposed, requiring sta-
tistical pre-definition of hand precedence timing in a CS
dataset. Unlike existing ACSR approaches that require pre-
processing of the lip and hand ROIs, the method proposed
in this paper does not necessitate such pre-processing for lip
and hand ROIs, greatly simplifying the preprocessing steps.
Furthermore, to address the unseen cuer generalization prob-
lem, as motivated by Fig. 2, we propose a cue-invariant
adaptation method utilizing both pose and text modalities,
aligning visual-pose and visual-text information to extract
as much motion and semantic information as possible. To
the best of our knowledge, this is the first work to introduce
a pose modality into ACSR. Additionally, we address issues
such as distortion, deformation, and pose-estimation errors
arising from fast motion blur. This approach effectively mit-
igates these challenges, ensuring more accurate pose repre-
sentation for ACSR tasks.

Lip Reading and Sign Language Recognition
Next, we will introduce recent advancements in Lip Reading
and SL recognition, which are closely related to CS.

Lip reading tasks face challenges in generalizing to un-
seen cuers. To address this, landmarks have been employed
to capture fine-grained speaker-invariant visual cues. (Wu
et al. 2024) proposed a landmark-guided lip reading method
with max-min mutual information regularization to enhance
generalization. (Xue et al. 2023) introduced the LipFormer,
utilizing a visual-landmark Transformer to fuse lip move-
ments with facial features, reducing speaker appearance bi-
ases. (Qu, Weber, and Wermter 2022) developed LipSound2,

an encoder-decoder model with position-aware attention that
maps facial sequences to speech, achieving high-quality lip
reading through self-supervised pretraining. However, these
methods focus only on facial and lip landmarks, neglecting
hand gestures and positions. In contrast, in ACSR, we pro-
pose integrating skeleton poses, encompassing both facial
and hand features, to better represent visual dynamics.

SL, as a visual language, bridges motions and semantics
using glosses. (Fayyazsanavi, Anastasopoulos, and Kosecka
2024) enhanced gloss-to-text translation by combining pre-
trained language models, data augmentation, and seman-
tically aware loss. (Moryossef et al. 2023) developed a
gloss-based text-to-sign benchmark. (Guo et al. 2024) im-
proved SL recognition with gloss-prior-guided visual fea-
tures, while (Camgoz et al. 2020) used a Transformer for
end-to-end SL recognition and translation. However, unlike
lip reading and CS, where sentence expression relies on the
order of words, SL follows a special spatial-visual language
encoding system. It depends on the body position, direction,
movement of gestures, as well as facial expressions, and can
clarify the subject and object of motion through the direc-
tion and position of gestures without relying on a fixed word
order. At the same time, SL does not depend on lip reading,
and these differences make it difficult to directly apply SL
recognition methods to our ACSR.

Methodology
Feature Extraction
Text Encoder. Our text encoder module, ψ, is built upon the
mBART architecture (Liu et al. 2020) to convert tokenized
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inputs (both English and Pinyin) into their corresponding se-
mantic embeddings. This encoder supports both English and
Pinyin-based Mandarin. We keep the parameters of this en-
coder frozen which ensures that the model leverages the pre-
trained linguistic priors from mBART without modification.
For Mandarin cued speech, we fine-tune only the tokenizer
on Pinyin transcriptions, keeping the network weights un-
changed.
Visual Encoder. The visual encoder ϕ comprises a frame-
level backbone and a lightweight temporal modeling mod-
ule. Spatial features for each video frame are processed us-
ing a ResNet backbone (He et al. 2016a), which was pre-
trained on ImageNet (Deng et al. 2009). Local temporal dy-
namics are subsequently captured by a lightweight temporal
module. This module comprises two stacked blocks, each
applying temporal convolution followed by batch normal-
ization and ReLU activation. This design enables the en-
coder to capture local dynamics without compromising com-
putational efficiency.
Two-Path Pose Generation. To extract upper-body motion
representations, we apply DWPose (Yang et al. 2023) to
detect 2D landmarks based on the COCO-WholeBody for-
mat (Jin et al. 2020). We retain only the facial and hand key-
points, omitting the lower body in order to better cope with
missing or inaccurate keypoints and motion blur. We addi-
tionally incorporate MANO-based hand estimation (Moon
2023). The resulting keypoints are processed into skeletal
heatmaps, serving as pose input. The entire process is a two-
path pose generation module, denoted fpose, which provides
separate face and hand streams.
Pose Encoder. The pose encoder ϕp is designed to ex-
tract cuer-invariant motion features from facial and hand se-
quences. Given a series of keypoints from each video, we de-
compose the sequence into two parallel branches. The hand
stream is processed using a spatial-temporal graph convo-
lutional network (ST-GCN) (Yan, Xiong, and Lin 2018),
which models motion through a fixed skeletal graph struc-
ture. The facial stream is handled by a stack of temporal 1D
convolutions, enabling the encoder to capture temporal vari-
ations in lip and facial expression. Both streams are glob-
ally pooled and concatenated, followed by a linear projec-
tion into the shared latent space. This fused representation is
used for subsequent multi-modal alignment.

Two-Modality Cuers-Invariant Adaptation
To address the challenge of visual variations across differ-
ent cuers, we introduce a Two-Modality Cuer-Invariant
Adaptation strategy. The model is guided by two auxiliary
modalities, text and pose, both of which tend to remain more
stable across cuers, thereby enhancing the learning process.
For the same utterance, its semantic content (represented by
text) and its standardized motion patterns (represented by
pose) remain constant. By aligning the primary visual fea-
tures with these stable auxiliary features through contrastive
learning, our model learns to extract visual representations
that are robust to cuer-specific habits and appearances.
Text-Auxiliary Cuer-Invariant Adaptation. This module
leverages the semantic content of the accompanying text to
guide the learning of cuer-invariant visual features. The un-

derlying principle is that for a given sentence, its seman-
tic meaning is constant regardless of which cuer performs
it. Therefore, the visual representation of a cued sentence
should be closely aligned with its corresponding text repre-
sentation.

Specifically, we treat as positive pairs the visual embed-
dings from different cuers performing the same sentence
and the corresponding text embeddings. Visual and text em-
beddings from different sentences are treated as negative
pairs. Let T (i) denote the tokenized text sequence of the
i-th sentence, and V (i,c) denote the visual sequence of the
same sentence performed by cuer c. The projected embed-
dings are computed as z(i)text = ftext(ψ(T

(i))), and z(i,c)visual =

fvisual(AvgPool(ϕ(V (i,c)))), where ψ(·) and ϕ(·) are the
text and visual encoders respectively, and ftext, fvisual are pro-
jection functions. We define the set of positive pairs S text

+
and negative pairs S text

− as:

S text
+ =

{(
z
(i)
text, z

(i,c)
visual

)
| ∀i, c

}
,

S text
− =

{(
z
(i)
text, z

(j,c′)
visual

)
| i ̸= j, ∀c′

}
. (1)

The InfoNCE-based contrastive loss is defined as:

Ltext = − 1
2|S+

text|

∑
(i,c)∈S+

text

(
log p

(i,c)
visual→text + log p

(i,c)
text→visual

)
, (2)

where p(i,c)visual→text and p(i,c)text→visual are as follows:

p
(i,c)
visual→text =

exp(z
(i,c)
visual · z

(i)
text/τ)∑B

j=1 exp(z
(i,c)
visual · z

(j)
text/τ)

,

p
(i,c)
text→visual =

exp(z
(i,c)
visual · z

(i)
text/τ)∑

j,c′ exp(z
(j,c′)
visual · z

(i)
text/τ)

.

(3)

Pose-Auxiliary Cuer-Invariant Adaptation. Similarly, this
module utilizes skeletal pose information to achieve cuer-
invariance. The key assumption is that the standardized CS
system dictates a consistent motion pattern (i.e., hand shape,
position, and trajectory) for a given phoneme sequence.
While a cuer’s physical appearance or subtle stylistic habits
might vary, the underlying skeletal motion should remain
consistent. This module aligns the embeddings of visual
and pose sequences in a shared latent space, ensuring in-
variance across different cuers. Positive pairs consist of vi-
sual embeddings and pose embeddings from different cuers
performing the same sentence. Negative pairs are formed
from sequences corresponding to different sentences. Let
V (i,c) denote the visual sequence of sentence i performed
by cuer c, and P (i,c′) denote the pose sequence of the same
sentence performed by cuer c′. The projected embeddings
are defined as z(i,c)visual = fvisual(AvgPool(ϕ(V (i,c)))) and
z
(i,c′)
pose = fpose(AvgPool(ϕp(P

(i,c′)))), where ϕ(·) and ϕp(·)
are the visual and pose encoders respectively. The set of pos-
itive pairs Spose

+ and negative pairs Spose
− are:

Spose
+ =

{(
z
(i,c)
visual, z

(i,c′)
pose

)
| c ̸= c′

}
,

Spose
− =

{(
z
(i,c)
visual, z

(j,c′)
pose

)
| i ̸= j

}
. (4)
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The InfoNCE-based contrastive loss is given by:

Lpose = − 1
2|S+

pose|

∑
(i,c,c′)∈S+

pose

(
log p

(i,c,c′)
visual→pose + log p

(i,c,c′)
pose→visual

)
, (5)

where p(i,c,c
′)

visual→pose and p(i,c,c
′)

pose→visual are as follows:

p
(i,c,c′)
visual→pose =

exp(z
(i,c)
visual · z

(i,c′)
pose /τ)∑

j,c̃ exp(z
(i,c)
visual · z

(j,c̃)
pose /τ)

,

p
(i,c,c′)
pose→visual =

exp(z
(i,c)
visual · z

(i,c′)
pose /τ)∑

j,c̃ exp(z
(j,c̃)
visual · z

(i,c′)
pose /τ)

.

(6)

Visual-Guided Next Cued Token Prediction
We built a visual encoder followed by a transformer decoder
to perform CS recognition through a video-based text gener-
ation task. In CS videos, the video frame number is substan-
tially higher than the corresponding token or character rate,
leading to significant data redundancy and causing redun-
dant visual evidence per token. To improve computational
efficiency, we uniformly downsampled the video sequence
to bound latency.

To model the short-term dynamics of gestures and lip
movements, the frame-level features from the visual back-
bone are passed through a temporal module. This module
comprises stacked blocks of 1D temporal convolution, fol-
lowed by batch normalization and ReLU activation, which
is utilized to aggregate sub-token dynamics into token-
synchronous features, enhancing module’s context. For ease
of representation, we denote the pre-trained visual encoder
and temporal module together as the visual encoder. The
above operations can be expressed as h1:N = ϕ(V1:N ),
where ϕ represents the video encoder (visual encoder). The
decoder conditions on visual states h1:N and previously gen-
erated cued tokens to autoregressively predict the next token,
i.e., wi = Ψ(w1:i−1, h1:N ), aligning with CS-specific visual
evidence. Finally, the output features from the decoder are
passed through a linear projection layer (the language model
headW, b) and a softmax function fsm to compute the prob-
ability distribution as follows:

p(oi|o1:i−1, V ) = fsm(W · wi + b), (7)

where oi represents the output token. The training objective
for the decoding module is to maximize the likelihood of
the ground-truth text sequence given the input video. This
is achieved by optimizing a standard sequence-to-sequence
cross-entropy loss between the model’s predictions and the
target sentences as follows:

L = −
L∑

i=1

log p(oi|o1:i−1, V ). (8)

We utilized Low-Rank Adaptation (LORA) (Hu et al.
2022) for parameter-efficient fine-tuning of the language
model. This technique introduces a small set of trainable,
low-rank matrices into the model’s layers while keeping the
original pre-trained weights frozen. A primary advantage is
the preservation of the LLM’s foundational knowledge and
capabilities during adaptation.

Experiments
In this section, we first provide details on the experimental
setup and benchmark datasets. Then, we thoroughly evaluate
the impact of our proposed method, including the ablation
study, comparing our results with SOTA methods across two
benchmark datasets.

Datasets and Metrics

Datasets. We evaluate our proposed method on two main-
stream datasets: We conducted experiments on two publicly
available CS datasets, namely the Mandarin Chinese (Liu
and Feng 2019) and British English (Sankar, Beautemps,
and Hueber 2022) CS datasets. The Mandarin Chinese
CS dataset is the first large-scale multi-cuer CS dataset
for Mandarin Chinese. It contains 6,000 sentences from 6
cuers, where each cuer contributed 1,000 sentences. Chinese
phonemes are represented using 40 phonemes (including
vowels and consonants), 8 hand shapes, and 5 hand positions
alongside lip movements. The British English dataset com-
prises 390 sentences from 5 cuers. Of these, 43 sentences
are shared among all cuers, while the remaining 57 are from
a subset of cuers. British English phonemes are represented
by 44 phonemes, 8 hand shapes, and 4 hand positions, along
with corresponding lip movements.

Evaluation Metrics. Following previous works (Liu and
Liu 2023; Liu, Liu, and Li 2024), we adopt the Word Er-
ror Rate (WER), which measures the percentage of incorrect
words in the recognized text, and the Character Error Rate
(CER) for the recognition task. Besides error rate values,
we choose BLEU (Papineni et al. 2002), which assesses the
quality of text based on n-gram overlap and longest common
subsequences. Lower CER and WER indicate more accurate
recognition results, while higher BLEU signifies better text
quality. The metric that measures n-gram rules and performs
sentence quality evaluation is denoted as BLEU@n.

Experimental Setup

Implementation Details. Our visual backbone utilizes a
ResNet architecture (He et al. 2016a), which was pre-trained
on the ImageNet dataset (Deng et al. 2009) to extract spatial
features from each frame. Following the ResNet backbone,
we discarded the final fully connected layer and appended
a temporal modeling module. This module consists of 1D
convolutions configured with a kernel size of 3 and a stride
of 1 to capture local temporal dynamics. For this pretraining
stage, our transformer architecture included both an encoder
and a decoder, each constructed with 3 layers. Within each
layer, we configured 8 attention heads, a 512-dimension hid-
den state, and a feed-forward network dimension of 2048. A
dropout rate of 0.1 was applied throughout the transformer
blocks to mitigate overfitting. We trained the VG-NTP mod-
ule using SGD with a 0.9 momentum value. The learning
rate was managed by a cosine annealing scheduler, starting
at an initial value of 1 × 10−2 and gradually decaying to 0
over the training epochs.

32414



Methods Chinese British

WER ↓ CER ↓ CER ↓
CNN+LSTM (Papadimitriou and Potamianos 2021) 96.3 86.6 94.7
CNN+CTC (He et al. 2016b) 94.4 81.8 94.1
JLF + COS + CTC (Wang et al. 2021b) 91.3 82.2 78.3
Self-attention (Vaswani 2017) 92.2 83.4 79.2
CMML (Liu and Liu 2023) 73.9 58.1 75.1
EcoCued (Liu, Liu, and Li 2024) 71.5 54.4 73.6

TACIA (Ours) 57.3 34.6 67.2

Table 1: Quantitative evaluation of ACSR task in both Chi-
nese and British English CS datasets. CER and WER are
adopted as the evaluation metrics. WER is omitted for the
British CS Dataset due to missing word-level timestamps in
the public release. Following prior work (Liu and Liu 2023),
we report CER as a reliable sentence-level metric. The re-
sults highlight our method’s ability to generate accurate and
coherent sentences.

Methods BLEU@1↑ BLEU@2↑ BLEU@3↑ BLEU@4↑
CMML (Liu and Liu 2023) 28.73 19.77 14.83 10.98
EcoCued (Liu, Liu, and Li 2024) 33.69 24.03 16.91 12.03

TACIA (Ours) 40.73 29.33 21.06 15.18

Table 2: BLEU results on Mandarin Chinese CS dataset. We
bold the highest scores.

Comparison with SOTA Methods
From Table. 1 and Table. 2, our method outperforms CMML
and EcoCued on the Mandarin Chinese/British CS dataset,
achieving the lowest WER and CER. In terms of BLEU
scores, our method achieves a BLEU@4 of 15.18, sur-
passing 12.03 in EcoCued (Liu, Liu, and Li 2024) and
10.98 in CMML (Liu and Liu 2023). Additionally, at
BLEU@1, our score of 40.73 exceeds EcoCued’s 33.69
and CMML’s 28.73. For Mandarin Chinese CS, our method
achieves a WER of 57.3% and CER of 34.6%, outperform-
ing CMML (Liu and Liu 2023) (73.9% WER, 58.1% CER)
and EcoCued (Liu, Liu, and Li 2024) (71.5% WER, 54.4%
CER). For British English CS, only CER is reported due to
missing word-level timestamps. Our method obtains a CER
of 67.2%, which is better than CMML (75.1%) and EcoCued
(73.6%), indicating improved generalization across cuers.
These results emphasize our method’s strong performance
in generating accurate and fluent sentences, with improve-
ments in both linguistic accuracy and contextual coherence.

Visualization Analysis
Confusion Matrix Analysis. The confusion matrices pre-
sented in Fig. 4a and Fig. 4b compare the performance of
CMML and our proposed TACIA method on unseen cuers,
focusing on the classification of Mandarin Cued Speech
(CS) consonants and vowels. In Fig. 4a, while the CMML
baseline establishes a general diagonal pattern, there is no-
ticeable off-diagonal noise. Specifically, the model exhibits
significant confusion between phonemes such as “en” and
“a”, as well as “ang” and “i”, suggesting that the acoustic-
visual features captured by CMML are insufficient to fully
distinguish between these subtle phonetic variations.

(a) CMML (b) TACIA (Ours)

Figure 4: Confusion matrix on unseen cuers with different
methods.

(a) CMML (b) TACIA (Ours)

Figure 5: Comparative t-SNE visualization of visual embed-
dings for unseen cuers.

In contrast, Fig. 4b demonstrates the superior perfor-
mance of our TACIA method. The diagonal clarity is
markedly higher, with most phonemes—such as “o”, “e”,
“i”, and “ei”. The misclassifications present in the base-
line are substantially suppressed, indicating that our method
effectively leverages the multi-modal information to form
more robust decision boundaries for finals. Even for tradi-
tionally difficult pairs like “en” and “eng”, TACIA maintains
high diagonal purity, reflecting a more precise extraction of
linguistic features from the combined lip and hand modali-
ties.

tSNE Visualization. Fig. 5 visualizes the t-SNE embed-
dings of character representations for unseen cuers, compar-
ing the baseline CMML with our proposed TACIA. This vi-
sualization provides intuitive insight into the model’s ability
to generalize and maintain feature discriminability on novel
speakers. As shown in Fig. 5 (a) (CMML), the feature distri-
bution exhibits significant dispersion and entanglement. The
decision boundaries between different character categories
are blurred, particularly in the central region where clusters
overlap substantially. This suggests that CMML struggles
to disentangle character identity from cuer-specific varia-
tions, leading to ”noisy” representations that hinder perfor-
mance on unseen cuers. In contrast, our TACIA method in
Fig. 5 (b) demonstrates superior clustering quality. The char-
acter embeddings form highly compact and dense clusters
with sharp distinct margins. The clear separation between
categories—evident from the isolated clusters and the struc-
tured distribution—indicates that TACIA effectively extracts
cuer-invariant linguistic features. By minimizing the inter-
ference of individual cuer characteristics, our method main-
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Auxiliary WER↓ CER↓ BLEU@4↑
Text Pose

✗ ✗ 67.1 37.8 12.07
✗ ✓ 65.5 36.1 13.25
✓ ✗ 58.7 35.9 13.49
✓ ✓ 57.3 34.6 15.18

Table 3: Ablation study of auxiliary modalities.

tains robust discriminability between characters (e.g., dis-
tinct phoneme boundaries) even when processing data from
unseen subjects, thereby achieving substantially better gen-
eralization.

Ablation Study
Effect of Auxiliary and Input Modalities. The ablation
study in Table 3 highlights the critical role of auxiliary and
input modalities in reducing WER. Using only visual input
yields a baseline WER of 67.1%. Adding pose as an aux-
iliary modality reduces WER to 65.5%, showing that mo-
tion cues effectively complement visual input. Further inte-
grating text and pose auxiliary modalities with visual input
lowers WER to 58.7%, as text provides additional linguis-
tic context. Combining both text and pose auxiliaries with
visual input achieves the best WER of 57.3% and the high-
est BLEU@4, indicating that semantic and motion cues are
complementary. Overall, combining visual input with text
and pose auxiliary modalities achieves optimal recognition
performance.

Effect of Language Modeling and Computational De-
mands. Tab. 4 presents a comprehensive ablation study
evaluating the impact of incorporating LLMs into the VG-
NTP framework. The table reports the number of param-
eters, inference latency, and the performance in terms of
WER and BLEU@4. Without any language model (“w/o
LLM”), the system relies solely on CTC decoding, result-
ing in a WER of 68.5% and a BLEU@4 score of 11.54.
Introducing mT5-Small (300M parameters) already brings
noticeable improvements, reducing the WER to 61.2% and
increasing BLEU@4 to 13.8, with only a moderate in-
crease in inference time (0.85s). As the model size increases,
performance continues to improve: mBART-Large (610M)
achieves a WER of 57.3% and BLEU@4 of 15.18, while
mT5-Large (1.2B) further reduces the WER to 54.6% and
raises BLEU@4 to 19.32. The best performance is observed
with mT5-XL (3.7B), which achieves a WER of 51.5% and
a BLEU@4 score of 22.5. However, this comes at the cost
of significantly higher inference time (3.20s), indicating a
clear trade-off between accuracy and computational effi-
ciency. The results demonstrate a consistent trend that larger
language models lead to better recognition performance.
Nonetheless, increasing model size also brings additional in-
ference overhead. Thus, in practical deployments, one must
balance performance gains with latency constraints. These
findings highlight the potential of scaling LLMs for im-
proved ACSR accuracy, while also motivating future ex-
ploration of more efficient model architectures or distilla-

LLM # Parameters Inference Time (s) ↓ WER (%) ↓ BLEU@4 ↑
w/o LLM - 0.35 68.5 11.54
mT5-Small 300M 0.85 61.2 13.80
mBART-Large 610M 1.14 57.3 15.18
mT5-Large 1.2B 1.65 54.6 19.32
mT5-XL 3.7B 3.20 51.5 22.50

Table 4: Comparison of different LLMs in terms of inference
time per frame, WER, and BLEU@4.

Method Pose Masking Ratio WER (%) ↓ BLEU@4 ↑
CMML (Baseline) - 73.9 10.98
TACIA (Ours) 0% 57.3 15.18
TACIA (Ours) 30% 57.9 14.95

Table 5: Impact of pose masking ratio.

tion techniques to reduce latency. However, due to compu-
tational resource constraints, we were unable to experiment
with even larger models, such as LLAMA-7B (Touvron et al.
2023). Nevertheless, the experimental results in the table un-
derscore the promising potential of applying larger parame-
ter models for further performance enhancement.

Analysis of Pose Robustness. We further investigate ro-
bustness to missing pose information by training TACIA
with randomly masked pose keypoints, where a fixed per-
centage of keypoints is removed throughout training. As re-
ported in Tab. 5, although performance gradually decreases
as the masking ratio increases, our method still clearly out-
performs the CMML baseline even when 30% of the pose
data are removed during training. This confirms that TACIA
can learn effectively from incomplete pose inputs and is ro-
bust to pose estimation failures.

Conclusion
This work proposes a novel framework for ACSR, address-
ing key challenges in generalization and decoding accuracy.
By introducing a multimodal adaptation strategy leveraging
pose and text modalities, the model effectively extracts cue-
invariant features and reduces dependency on cuer-specific
attributes. A two-path pose generation method mitigates
motion-estimation errors introduced by fast hand move-
ments and motion blur, thereby enhancing robustness. Fur-
thermore, the VG-NTP mechanism replaces traditional CTC
decoding, leveraging linguistic context to improve recogni-
tion and sentence generation. Extensive experiments demon-
strate significant performance improvements, including a
16.6% reduction in WER and a 4.2 point BLEU increase,
surpassing SOTA methods. This work highlights the poten-
tial of multimodal integration and advanced decoding strate-
gies for improving ACSR systems, paving the way for en-
hanced accessibility for the hearing impaired.
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